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Abstract

The rapid dissemination of rumors on social media at their early stages poses significant
threats to public safety and social stability. While response-based methods usually depend
on user comments and reposts and therefore suffer from inherent latency, existing content-
based methods still struggle to extract discriminative evidence from noisy short texts and
subtle visual inconsistencies under zero-response conditions. To address this issue, we
propose SMD-Net, a multimodal framework for early zero-response rumor detection. In
the textual branch, a selective state-space encoder is used to model fragmented and noisy
posts. In the visual branch, an enhanced TransXNet backbone is designed to improve the
representation of fine-grained suspicious patterns and cross-layer feature interactions. An
adaptive gated fusion module is further introduced to integrate textual and visual features
for final prediction. Experiments on the Weibo and PHEME datasets show that SMD-Net
outperforms the compared content-based baselines, achieving 92.60% accuracy on Weibo
and 90.27% accuracy on PHEME under the strict zero-response setting. These results
suggest that the proposed framework provides an effective solution for early multimodal
rumor detection when propagation-based evidence is unavailable.

Keywords: early rumor detection; multimodal rumor detection; zero-response scenario;
Mamba; differential attention; multimodal fusion; gated fusion

1. Introduction
The widespread adoption of social media platforms such as Weibo and Twitter has

significantly accelerated the dissemination of misinformation and rumors. Rumors in social
media are typically defined as unverified claims that propagate rapidly across networks by
exploiting cognitive biases. Empirical evidence indicates that the impact of misinformation
extends beyond online environments, affecting financial markets, public health systems,
and political processes. Consequently, the development of automated early rumor detection
methods from large-scale, fragmented data streams has become a critical requirement for
maintaining information integrity and social stability. However, accurately identifying
rumors at an early stage remains challenging due to the limited availability of reliable
contextual signals and the high level of noise in raw multimodal content [1–4].

Early studies on automated rumor detection primarily relied on expert-curated knowl-
edge bases or external authoritative evidence. However, due to the rapid emergence of
social media content, such approaches often suffer from limited timeliness [5,6]. Subsequent
research shifted toward exploiting collective intelligence from social media by utilizing
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user comments and repost patterns to construct response-based multimodal detection ap-
proaches. Although response features improve detection accuracy, these methods require
waiting for feedback to accumulate at scale, thereby introducing significant time latency
and limiting intervention during the early propagation stage of rumors [7,8].

In contrast, content-based approaches have attracted increasing attention because
they enable early rumor detection without relying on propagation signals. In this setting,
a multimodal post is classified as rumor or non-rumor using only the source text and its
associated image, without access to user comments or reposts [9,10]. However, existing
content-based methods still face difficulties in zero-response scenarios, where prediction
must be made solely from limited and noisy multimodal evidence.

From the visual perspective, many approaches rely on backbone networks such as
VGG [11] or ResNet [6,12] to extract global representations. Such representations are often
insufficient for preserving subtle local inconsistencies, and global pooling may suppress
high-frequency details that are useful for identifying suspicious patterns, such as boundary
discontinuities, illumination inconsistencies, and abnormal edge structures [9], as illus-
trated in Figure 1. From the textual perspective, social media posts are typically short, noisy,
and fragmented. Without external context, conventional sequence models often struggle to
retain sufficiently informative semantics under low signal-to-noise conditions [13]. In ad-
dition, although some studies have explored cross-modal associations through attention
mechanisms or multimodal fusion networks [14–16], their ability to capture subtle semantic
inconsistency is still limited when intra-modal evidence is not adequately represented.
Therefore, early multimodal rumor detection under zero-response conditions still requires
more effective extraction of textual semantics, fine-grained visual cues, and cross-modal
discrepancy signals.

Figure 1. Illustration of subtle visual inconsistencies in a rumor image. The highlighted region is
enlarged to reveal weak boundary continuity and texture irregularities, which are difficult to capture
using global feature representations.

To address these limitations, this study proposes SMD-Net, a Selective and Multiway
Differential Perception-Enhanced Network for early multimodal rumor detection under
zero-response conditions. The overall design is motivated by three complementary require-
ments in this setting: extracting informative semantics from noisy short texts, preserving
fine-grained suspicious evidence from images, and integrating the two modalities in a way
that reflects both agreement and discrepancy. Accordingly, the textual branch adopts a selec-
tive state-space modeling mechanism based on Mamba [17] to encode fragmented textual
inputs. The visual branch builds on an enhanced TransXNet backbone [18], which is further
enhanced with Differential Attention (DA) [19] and Multiway Dynamic Dense Connection
(MUDD) [20] to improve the representation of local irregularities and cross-layer feature
interactions. To strengthen cross-modal interaction, an Adaptive Gated Fusion (AGF)
module is introduced to combine textual and visual features in a sample-adaptive manner.
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Through this design, SMD-Net aims to improve early rumor detection performance
using only raw multimodal content, without relying on comments, reposts, or other
propagation-based feedback.

The main contributions of this study are summarized as follows:

(1) We propose SMD-Net, a multimodal framework for early rumor detection under strict
zero-response conditions. The framework is designed to address three coupled chal-
lenges in this setting: noisy and fragmented textual semantics, subtle visual inconsistency
cues, and effective cross-modal integration without propagation-based evidence.

(2) A selective state-space textual encoder and an enhanced TransXNet-based visual en-
coder are jointly developed to improve unimodal evidence extraction. In particular,
DA and MUDD are incorporated into the visual branch to strengthen the representa-
tion of local irregularities and cross-layer visual evidence.

(3) An adaptive gated fusion module is introduced to integrate textual and visual represen-
tations by considering both interaction and discrepancy information between modalities.

(4) Extensive experiments on the Weibo and PHEME datasets under strict zero-response
settings show that SMD-Net consistently outperforms the compared content-based
baselines, achieving 92.60% accuracy on Weibo and 90.27% accuracy on PHEME.

2. Related Work
The widespread adoption of mobile Internet technologies has made social media

platforms primary channels for information dissemination and public opinion expression.
However, the low barrier to content creation has led to a high volume of fragmented
claims with uncertain veracity in heterogeneous information streams. Rumors, defined as
unverified information that spreads rapidly through social networks, pose substantial risks
to social stability and public interests. Rumor detection seeks to determine the veracity of
such information by exploiting multimodal evidence and has become an active research
area. Existing approaches can be categorized based on the availability of verification
evidence into three paradigms: (1) fact-checking-based methods, which rely on external
knowledge sources; (2) response-based methods, which exploit user interaction and prop-
agation signals; and (3) content-based methods, which perform detection using only the
original multimodal content under zero-response conditions. Among these paradigms,
content-based methods are particularly suitable for early-stage rumor detection, as they do
not rely on external evidence or user interactions.

Fact-checking-based methods verify claims by leveraging external authoritative knowl-
edge sources, providing strong logical support for rumor detection. Early studies aligned
textual content with structured knowledge bases, such as knowledge graphs [21], to vali-
date claims through entity relations and topological consistency. With the advancement
of large language models (LLMs), retrieval-augmented generation (RAG) has become a
prevalent paradigm. For example, WKGFC [22] dynamically retrieves real-time evidence
from external sources, while VeraCT [23] enhances interpretability by explicitly modeling
the verification process. Despite their effectiveness, fact-checking-based methods suffer
from a fundamental limitation referred to as knowledge lag. During the early stages of
emerging events, external knowledge bases often lack sufficient evidence to support reliable
verification [24]. Even LLM-integrated retrieval systems are constrained by pre-training
data and remain susceptible to hallucinations on novel events. This limitation restricts
the applicability of fact-checking-based methods in early rumor detection scenarios and
highlights the necessity of content-based approaches under zero-response conditions.

Response-based methods assess information credibility by exploiting user-generated
signals, including comments, reposts, and propagation structures. Early studies extracted
features from comment text, user profiles, and propagation structures for classification [25–27].
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Subsequent research modeled temporal patterns in comment sequences using recurrent neu-
ral networks [28] or employed tree-structured networks to capture hierarchical topologies
in conversation trees [29,30]. More recently, graph neural networks (GNNs) have become
the dominant framework for modeling complex propagation structures. For instance,
FGDGNN [31] constructs dynamic propagation graphs to capture temporal evolution,
while HAGNN [32] introduces hierarchical word-text graphs to enhance the representation
of fragmented content. To further improve reasoning capability, recent methods integrate
GNNs with large language models. SePro [33] performs cooperative reasoning by extract-
ing key evidence from propagation structures and generating explanatory outputs, while
ISMAF [34] incorporates social context as an auxiliary modality to model collective user
behavior signals.

Despite their high benchmark accuracy, response-based methods suffer from the
cold-start problem due to sparse early-stage user feedback. This dependency introduces
inherent latency, as reliable patterns only emerge after widespread dissemination. Fur-
thermore, these methods are constrained by limited platform data access and incur sub-
stantial computational costs when modeling large-scale interaction graphs. These limi-
tations collectively hinder their effectiveness for real-time early warning, particularly in
zero-response scenarios.

Content-based methods assess the credibility of information using only the original
post content, without relying on external knowledge or user interactions. This paradigm is
particularly suitable for early-stage rumor detection under zero-response conditions. Early
studies focused on handcrafted features, including linguistic patterns and visual artifacts,
to capture explicit inconsistencies within multimodal content [35]. With the advancement
of deep learning, multimodal fusion has become the dominant approach. For example,
Qian et al. [35] proposed a hierarchical attention network to learn joint representations
across modalities, while Qi et al. [36] introduced fine-grained alignment mechanisms to
model entity-level inconsistencies. To improve generalization across events, EANN [37]
and MDDA [38] employed adversarial learning and domain adaptation to extract event-
invariant features. More recent studies further enhance semantic modeling from multiple
perspectives. MSynFD [39] leverages syntactic dependency graphs to capture structural
characteristics of deceptive content, while Dm-inter [40] utilizes sequence-to-sequence
models to infer underlying generation intentions. NSLM [41] introduces neural-symbolic
reasoning to model latent inconsistency patterns, including visual manipulation and cross-
modal conflicts.

Despite these advances, content-based approaches remain constrained in zero-
response settings: (1) intra-modal feature extraction is insufficient. Existing visual back-
bones predominantly rely on global representations, which are not effective in preserving
fine-grained local inconsistencies, while conventional text encoders struggle to extract
discriminative semantics from short and noisy sequences; (2) cross-modal interaction is
typically modeled at a coarse level, which limits the ability to capture subtle semantic
inconsistencies between textual content and visual evidence; and (3) existing methods
rarely model both microscopic tampering artifacts and high-level logical conflicts in a
unified manner, resulting in limited discriminative capability when handling complex and
ambiguous rumors.

To address the identified limitations in intra-modal feature extraction and cross-
modal inconsistency modeling, this paper proposes the Selective and Multiway Differential
Perception-Enhanced Network (SMD-Net) for early multimodal rumor detection under
zero-response conditions. The framework employs a Mamba-based selective state-space
model in the textual branch to capture global semantic dependencies from noisy and
fragmented sequences. In the visual branch, an enhanced TransXNet backbone integrates
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a Multiway Dynamic Dense Connection (MUDD) module and a Differential Attention
mechanism to improve the extraction of microscopic tampering artifacts. An Adaptive
Gated Fusion (AGF) module is subsequently introduced to explicitly model fine-grained
consistency and potential semantic conflicts across modalities. Experimental results on the
Weibo and PHEME datasets under zero-response settings show that the proposed method
consistently outperforms existing content-based approaches and achieves competitive or
better performance compared with representative response-based methods.

3. Materials and Methods
3.1. Problem Formulation

This study investigates early multimodal rumor detection on social media, where
rumors propagate rapidly at the initial stage and may cause a significant impact. Unlike
response-based methods that rely on user interactions such as comments, reposts, or stance
signals, the proposed framework operates under a zero-response setting and performs
classification using only the original post content.

For each sample, the multimodal input is defined as:

M = {T, I} (1)

where T = {w1, w2, . . . , wn} denotes the textual sequence consisting of n tokens,
and I ∈ RH×W×C represents the associated image, with H, W, and C denoting height,
width, and channel dimensions, respectively.

The objective is to learn a mapping function:

F : {T, I} → y (2)

where y ∈ {0, 1} is the class label, with y = 1 indicating rumor and y = 0 indicating
non-rumor, and F(·) denotes the proposed multimodal classification model.

The primary challenge lies in the early-stage setting, where textual content is noisy and
semantically incomplete, while images may contain subtle manipulations or cross-modal
inconsistencies. Reliable discriminative evidence must therefore be extracted from limited
and heterogeneous information without any propagation context.

3.2. Methodology

The overall architecture of SMD-Net is illustrated in Figure 2. The model performs
early multimodal rumor detection under zero-response conditions using only the original
post content. SMD-Net consists of three stages:

Unimodal Feature Encoding. The textual input T and the associated image I are
mapped into initial representations. The text is converted into a sequence of token embed-
dings, while the image is encoded by the visual backbone to obtain a representation for
subsequent multimodal processing.

Evidence Refinement and Enhancement. The two modalities are processed separately
to extract discriminative features. The textual branch employs a selective state-space model
to model long-range dependencies in textual sequences. The visual branch is built upon an
enhanced TransXNet backbone, where differential attention (DA) and Multiway Dynamic
Dense Connection (MUDD) are introduced to model local irregularities and cross-layer
feature interactions.

Adaptive Cross-modal Fusion. The modality-specific features are integrated through
an adaptive gated fusion module, producing a joint representation z f usion for final prediction.
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Figure 2. Overall architecture of SMD-Net for early multimodal rumor detection under zero-
response conditions.

3.2.1. Multimodal Feature Encoding

Given a multimodal sample M = {T, I}, where T = {w1, w2, . . . , wL} denotes the tok-
enized textual sequence and I ∈ RH×W×C denotes the associated image, the encoding stage
maps each modality into an initial latent representation. For implementation, the textual
sequence is truncated or padded to a fixed length L.

Textual Feature Initialization. Let V denote the vocabulary built from the training
corpus, with size Nv = |V|. Each token in T is mapped to an index in V and then converted
into a dense vector through a trainable embedding matrix Wemb ∈ RNv×Dt . The initial
textual representation is formulated as:

X(0)
T = Embed(T; Wemb), (3)

where X(0)
T ∈ RL×Dt denotes the embedded textual sequence.

Visual Feature Encoding. For the visual modality, the input image I is processed
by the enhanced visual backbone implemented with TransXNet to obtain a global
visual representation:

f(0)I = VisualEncoder(I), (4)

where f(0)I ∈ RDv denotes the visual feature extracted from the final stage of the backbone.
To align the visual feature with the multimodal fusion space, a linear projection is applied:

fI = WIf
(0)
I + bI , (5)

where WI ∈ RD×Dv and bI ∈ RD are trainable parameters.

3.2.2. Textual Evidence Refinement Module

Early social media posts are typically short, noisy, and semantically fragmented,
which makes discriminative semantic extraction from raw text challenging. To encode
token dependencies under this setting, the textual branch adopts a selective state-space
model Mamba [17] as the sequence encoder. In this scenario, not all tokens carry equal
discriminative value. The core mechanism of Mamba—an input-dependent selective state
space—allows the sequence model to adaptively regulate state transitions based on the
current input. This property enables the encoder to suppress responses to noise tokens
while retaining informative semantics, which directly addresses the low signal-to-noise
condition of early social media posts.

Given the embedded textual sequence X(0)
T ∈ RL×D, the textual branch applies a

stacked selective state-space encoder to refine the initial token representations:

H′
T = SSMEncoder(X(0)

T ), (6)
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The encoder consists of multiple residual blocks. For the l-th block:

H(l+1) = H(l) +F
(

RMSNorm
(

H(l)
))

, (7)

where F (·) denotes the selective state-space transformation, and RMSNorm(·) denotes
root mean square normalization. Within each block, the input is first projected into a
main branch and a gating branch. The main branch is processed by a depthwise one-
dimensional convolution followed by an input-dependent state-space update, while the
auxiliary branch provides element-wise gating to modulate the transformed features.
After sequence refinement, global average pooling is applied:

f(0)T =
1
L

L

∑
i=1

H′
T [i, :], (8)

The pooled feature is then projected into the shared multimodal representation space:

fT = WTf(0)T + bT , (9)

3.2.3. Visual Evidence Enhancement

The visual branch aims to extract discriminative evidence from rumor images by
modeling local inconsistencies and hierarchical feature interactions. To this end, the model
employs an enhanced TransXNet backbone to progressively refine visual representations
under the zero-response setting. Starting from the patch-embedded visual feature map,
the encoder performs hierarchical representation learning across four stages and produces
a global visual representation for subsequent multimodal processing.

Enhanced TransXNet Backbone. As shown in Figure 3, the visual encoder adopts
a four-stage TransXNet backbone [18]. The input image is first converted into an initial
feature map by patch embedding. The feature map is then processed by stacked blocks
across four stages, with spatial resolution decreasing and channel dimension increasing
stage by stage. Each block contains positional encoding, hybrid token mixing, and a
feed-forward transformation with residual connections.

Input 

Feature

TransXNet 

Block

TransXNet 

Block

TransXNet 

Block

MUDD

Block

MUDD

Block

MUDD

Block

(MUDD+DA) 

Block

(MUDD+DA) 
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(MUDD+DA) 

Block

MUDD 

Block

(MUDD+DA) 

Block

(MUDD+DA) 
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MUDD
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Embedding
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n
v

CC
Split 

Channels

Token Mier (D-Mixer)

MLP (MS-FFN) Ouput FeatureNorm

Figure 3. Detailed architecture of the enhanced visual encoder in SMD-Net.

Two enhancement modules are introduced at different stages of the backbone. Mul-
tiway Dynamic Dense Connection (MUDD) [20] is introduced in the deeper stages to
aggregate historical features and strengthen cross-layer feature propagation. Differential
Attention (DA) [19] is also used in deeper stages, replacing standard global attention to
highlight subtle local inconsistencies in high-level representations.

After the final stage, the output feature is aggregated into a global visual representation
for subsequent multimodal processing.
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Differential Attention.
As shown in Figure 4, Differential Attention (DA) is introduced in the deeper layers of

the visual encoder to strengthen the sensitivity of the image modality to subtle tampering
traces. Unlike global representations that may smooth weak local anomalies, DA enhances
fine-grained irregularities, such as splice boundaries, over-sharpened edges, and abnormal
blur patterns.

( ) ( )1 1 2 2A softmax Q K s t, )of m Q ,ax ( Kdiff GN= −  

1 2[A  ;   ] diff diffV A V

Concat

Linear

LinearLinear Linear

Q1

Q2

K1

K2

V1

V2

Input

Figure 4. Structure of the differential attention (DA) module.

Given an input feature map X ∈ RC×H×W , the module first generates the query, key,
and value representations, denoted by Q, K, and V, where the spatial dimension is flattened
into N = H × W tokens. The channels of Q, K, and V are evenly divided into two groups,
yielding {Q1, Q2}, {K1, K2}, and {V1, V2}. Two attention maps are then computed as:

A1 = Softmax

(
Q⊤

1 K1√
dh

)
, A2 = Softmax

(
GN(Q2)

⊤K2√
dh

)
, (10)

where dh denotes the channel dimension of each attention head, and GN(·) denotes group
normalization. A learnable balancing parameter λ is introduced to construct the differential
attention map, which follows the original differential attention formulation [19]. Here, λ

is initialized as λinit = 0.8, and the training procedure allows it to converge to a value
that balances the suppression of shared texture responses against the preservation of
distinctive patterns:

Adiff = A1 − λA2, (11)

The resulting map is applied to the value features, followed by channel fusion, to ob-
tain the refined output:

Xout = R
(

Conv1×1

(
[AdiffV

⊤
1 , AdiffV

⊤
2 ]

⊤
))

, (12)

where [·] denotes channel-wise concatenation and R(·) reshapes the token representation
back to the spatial feature map.
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By subtracting the secondary attention response from the primary one, DA suppresses
shared texture responses and highlights locally distinctive patterns, thereby improving the
representation of microscopic tampering cues in the visual modality.

Multiway Dynamic Dense Connection.
In deep visual encoding, fine-grained cues may be weakened by successive feature

transformations. To mitigate this effect, a Multiway Dynamic Dense Connection (MUDD)
module is employed, as shown in Figure 5, to aggregate historical features from preceding
blocks and improve feature interaction across the visual branch.
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Figure 5. Structure of the Multiway Dynamic Dense Connection (MUDD) module.

Given the current feature map at the l-th block, denoted by Xl ∈ RC×Hl×Wl , MUDD
first generates path-wise dynamic aggregation weights from the global context of the
current feature:

Wl = Softmax
(
ψ(GAP(Xl))

)
, (13)

where ψ(·) denotes a lightweight projection network, Wl ∈ RP×ml is the dynamic weight
matrix, P is the number of paths, and ml is the number of available historical features.

Next, Xl is evenly split along the channel dimension into P sub-features:

Xl = {X(1)
l , X(2)

l , . . . , X(P)
l }, (14)

For each path p ∈ {1, . . . , P}, a path-specific transformation ϕ(p)(·) is applied to the
current feature, and the historical features from preceding blocks are spatially aligned to
the current resolution and aggregated with dynamic weights:

Y(p)
l = ϕ(p)

(
X(p)

l

)
+

ml

∑
i=1

W(p,i)
l X̃(p)

l−i, (15)
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where X̃(p)
l−i denotes the aligned path-wise feature from the i-th preceding block.

Finally, the enhanced outputs of all paths are concatenated:

Xl+1 =
[
Y(1)

l , Y(2)
l , . . . , Y(P)

l
]
, (16)

This design helps retain fine-grained cues in deep layers and improves cross-block
feature reuse.

3.2.4. Adaptive Multimodal Feature Fusion

After modality-specific evidence refinement, the global textual feature fT ∈ Rd and the
global visual feature fI ∈ Rd are integrated by an Adaptive Gated Fusion (AGF) module
as shown in Figure 6. Instead of directly concatenating the two modalities, AGF learns
sample-specific fusion weights to balance their relative contributions while preserving both
cross-modal agreement and discrepancy cues.

CC MLP Sigmoid

g

1−g

CC
Element-wise 

multiplication

Element-wise

addition

Element-wise 

absolute difference
Concat

AGF

Figure 6. Structure of the adaptive gated fusion (AGF) module.

First, a joint interaction vector is constructed as:

c = [fI ; fT ; fI ⊙ fT ; |fI − fT |] ∈ R4d, (17)

where [·; ·] denotes vector concatenation and ⊙ denotes element-wise multiplication. Here,
fI ⊙ fT captures cross-modal agreement, while |fI − fT | encodes discrepancy between the
two modalities.

The interaction vector is then fed into a two-layer multilayer perceptron to generate
an adaptive gate:

g = σ(W2 δ(W1c + b1) + b2), (18)

where g ∈ (0, 1)d, δ(·) denotes the ReLU activation, and σ(·) denotes the Sigmoid function.
The fused representation is defined as:

ffused = g ⊙ fI + (1 − g)⊙ fT , (19)

In this way, AGF adaptively adjusts the contribution of each modality for each sample
and produces a compact multimodal representation for final rumor classification.
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3.2.5. Objective Function

Given the fused multimodal representation ffused, the classifier outputs a logit vector
zi ∈ R2 for the i-th sample. The model is optimized using the cross-entropy loss:

L = − 1
N

N

∑
i=1

log
exp(zi,yi )

∑2
c=1 exp(zi,c)

, (20)

where yi ∈ {0, 1} denotes the ground-truth label of the i-th sample.

4. Results and Discussion
4.1. Datasets and Zero-Response Setup

We evaluate the proposed method on two public multimodal rumor detection bench-
marks, Weibo [42] and PHEME [43]. The Weibo dataset is collected from Sina Weibo and
contains source posts paired with associated images and corresponding binary veracity
labels. The PHEME dataset is derived from Twitter and likewise provides source posts,
images, and binary labels for rumor detection.

To match the early zero-response setting, only the original post text and its associated
image are retained for each sample, while all subsequent propagation signals, such as
comments, reposts, and other interaction information, are excluded.

4.2. Baselines

We compare SMD-Net with two groups of baselines: content-based methods and
response-based methods. Content-based methods make predictions using only the original
post content and therefore provide the most direct comparison for the strict zero-response
setting considered in this study. By contrast, response-based methods additionally incorpo-
rate user comments, stance signals, propagation structures, or social-context information.
These methods are not directly comparable to zero-response models, but they are included
as broader references to contextualize the performance of SMD-Net.

Content-based baselines:

(a) EANN [37]—uses event-adversarial learning to extract event-invariant multimodal
features.

(b) SAFE [44]—a multimodal similarity-based framework for modeling cross-modal
consistency.

(c) DMFL [45]—employs a dual-chain architecture to capture semantic and logical rela-
tions across modalities.

(d) SemSim [46]—diffusion-based semantic similarity combined with multimodal interac-
tion modeling.

Response-based baselines:

(e) QSAN [47]—jointly models rumor content and user stance signals.
(f) EBGCN [48]—an edge-enhanced Bayesian graph convolutional network for rumor

propagation modeling.
(g) MFAN [49]—integrates textual, visual, and social graph information through hierar-

chical multimodal attention.
(h) GINMCL [50]—graph representation learning combined with contrastive multimodal

consistency learning over text, images, and social context.
(i) CLFFRD [51]—integrates curriculum learning with fine-grained multimodal fusion to

progressively train on text, image, and multimodal difficulty levels while using linear
interpolation for data augmentation.

(j) DEEP [52]—uses large language models to extract contrasting evidence from multi-
modal content and user responses.
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4.3. Implementation Details

The proposed model is implemented in PyTorch version 2.7.0 and trained on a server
equipped with an NVIDIA RTX 4090 GPU. For the textual branch, a 4-layer Mamba
encoder is adopted with a model dimension of 128 and a state dimension of 16. Each post
is tokenized and truncated or padded to 128 tokens, and the vocabulary size is set to 10,000.
For the visual branch, TransXNet is used as the backbone. Input images are resized to
256× 256. During training, data augmentation includes random flipping, rotation, and color
jitter, while only center cropping and normalization are applied during evaluation.

The model is optimized using AdamW with an initial learning rate of 3 × 10−5 and a
weight decay of 1× 10−4. The batch size is set to 24, and the model is trained for 100 epochs.
Early stopping is applied to prevent overfitting. A cosine annealing schedule is adopted to
update the learning rate, and gradient clipping with a threshold of 3.0 is applied to stabilize
optimization. For both Weibo and PHEME, five-fold cross-validation is adopted to evaluate
the model performance. To ensure statistical robustness, each fold is run with three different
random seeds, and the reported metrics are averaged across all seeds and folds.

4.4. Performance Comparison

It should be noted that the results of EANN and SAFE in Table 1 are reproduced
by us under the strict zero-response constraint, as their original papers did not report
evaluations on these datasets under this specific setting. All baselines in the table are
therefore compared under identical conditions.

Table 1. Performance comparison of content-based methods on the Weibo and PHEME datasets.

Dataset Method Accuracy Precision Recall F1

Weibo

EANN [37] † 82.87 82.53 82.31 82.42
SAFE [44] † 85.21 85.18 85.24 85.21
DMFL [45] 90.51 89.71 90.24 89.95
SemSim [46] 90.97 90.92 89.83 90.31
SMD-Net 92.60 92.23 90.48 91.34

PHEME

EANN [37] † 79.28 75.62 74.91 75.26
SAFE [44] † 83.15 81.83 81.27 80.32
DMFL [45] 88.83 87.70 88.53 87.81
SemSim [46] 89.94 88.77 86.56 87.61
SMD-Net 90.27 89.48 87.78 88.62

Bold values indicate the best performance in each column. † Results reproduced by us under the strict zero-response
setting (source post text and image only). Other results are taken from the corresponding original papers.

Table 1 reports the results under the strict zero-response setting, where both SMD-
Net and the compared baselines use only the source post text and its associated image.
Under this fair comparison, SMD-Net achieves the best performance on both datasets. On
Weibo, SMD-Net reaches 92.60% accuracy and 91.34% F1, exceeding the strongest content-
based baseline SemSim by 1.63 and 1.03 percentage points, respectively. On PHEME, SMD-
Net achieves 90.27% accuracy and 88.62% F1, improving over SemSim by 0.33 percentage
points in accuracy and 1.01 percentage points in F1. These results indicate that the proposed
design extracts more discriminative evidence from source-level multimodal content when
propagation-based feedback is unavailable.

The margin on Weibo is noticeably larger than that on PHEME. A plausible explana-
tion is that Weibo rumors more often contain stronger suspicious cues in the source post
itself, allowing the gains from textual semantic refinement, visual evidence enhancement,
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and adaptive fusion to be expressed more directly. By contrast, the smaller but still con-
sistent improvement on PHEME suggests that some cases in this dataset are intrinsically
harder to resolve from source content alone.

Table 2 further compares SMD-Net with response-based methods that additionally
incorporate user comments, stance signals, or propagation structures. These methods
operate under a more informative input setting and are therefore not directly comparable
to zero-response models. Nevertheless, SMD-Net remains highly competitive. On Weibo,
SMD-Net achieves the best accuracy and F1 among all listed methods, outperforming the
strongest response-based baseline GINMCL by 0.80 percentage points in accuracy and 0.94
percentage points in F1. On PHEME, SMD-Net reports the highest accuracy (90.27%), while
GINMCL achieves the best F1 (89.00%). A closer look reveals that the recall of SMD-Net
(87.78%) on PHEME is lower than that of GINMCL (89.20%) and DEEP (87.90%), suggesting
that propagation-aware methods may still help recover certain borderline rumor cases on
PHEME. Overall, these results demonstrate that careful modeling of the source post alone
can already recover a substantial amount of discriminative information, making SMD-
Net a practical alternative for early rumor detection when propagation-based evidence
is unavailable.

Table 2. Performance comparison of response-based methods on the Weibo and PHEME datasets.

Dataset Method Accuracy Precision Recall F1

Weibo

QSAN [47] ‡ 71.01 71.02 67.54 67.58
EBGCN [48] ‡ 83.14 85.46 81.76 81.45
MFAN [49] ‡ 88.95 88.91 88.13 88.33
CLFFRD [51] 91.26 90.23 89.70 89.82
GINMCL [50] 91.80 91.20 90.10 90.40
SMD-Net 92.60 92.23 90.48 91.34

PHEME

QSAN [47] ‡ 75.13 69.97 65.80 66.87
EBGCN [48] ‡ 82.99 81.31 79.29 79.82
MFAN [49] ‡ 88.73 87.07 85.61 86.16
DEEP [52] 88.90 86.80 87.90 87.20
CLFFRD [51] 89.95 88.26 87.57 88.13
GINMCL [50] 90.00 90.40 89.20 89.00
SMD-Net 90.27 89.48 87.78 88.62

Bold values indicate the best performance in each column. ‡ Results cited from MFAN [49], which evaluated
these methods on Weibo and PHEME under comparable settings. Other results are taken from the corresponding
original papers.

4.5. Ablation Study

Table 3 summarizes the ablation study results. We examine two aspects: the contribu-
tion of each modality and the effect of the proposed modules.

The single-modality results already show that the full model is not simply dominated
by one branch. On both datasets, removing either text or image causes a large drop relative
to the full model, which means that the zero-response setting still requires genuinely multi-
modal evidence. The behavior of the text-only model is particularly revealing. On Weibo,
it achieves high recall but much lower precision, suggesting that textual content alone is
often enough to detect suspicious or rumor-like semantics, but not enough to filter out
false positives reliably. Once visual evidence is added, this imbalance is reduced substan-
tially. A similar gap between single-modality and full-model performance also appears
on PHEME.
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Table 3. Ablation study of SMD-Net on the Weibo and PHEME datasets.

Method
Weibo PHEME

Acc Prec Rec F1 Acc Prec Rec F1

SMD-Net (Text only) 78.36 72.69 79.84 76.10 75.75 69.77 77.30 73.34
SMD-Net (Image only) 73.22 70.22 65.87 67.98 70.55 67.06 62.38 64.64
SMD-Net (TransXNet) 84.86 83.69 80.63 82.13 81.78 80.23 76.67 78.41
SMD-Net (w/o MUDD) 89.52 88.78 86.67 87.71 86.58 85.46 83.02 84.22
SMD-Net (w/o DA) 90.48 89.79 87.94 88.85 87.88 86.95 84.60 85.76
SMD-Net (w/o AGF) 91.78 91.40 89.37 90.37 88.77 88.07 85.56 86.79
SMD-Net (Full) 92.60 92.23 90.48 91.34 90.27 89.48 87.78 88.62

Bold values indicate the best performance in each column.

TransXNet is adopted as the visual backbone for its ability to preserve broad structural
information while retaining sensitivity to local suspicious details, which is consistent with
the visual characteristics of rumor-related images.

The module-level ablation also follows a clear pattern. Starting from the TransXNet
baseline, each additional component leads to a further improvement on both datasets.
On Weibo, accuracy rises step by step from 84.86% to 92.60%, and on PHEME from 81.78%
to 90.27%. The increase is not uniform across all metrics, which is actually informative.
For example, comparing SMD-Net (w/o AGF) with the full model, the addition of AGF
improves recall on PHEME from 85.56% to 87.78%, suggesting that adaptive fusion is
particularly helpful for recovering samples that depend on cross-modal interaction cues.
At the same time, because the modules are added progressively rather than tested in
every possible combination, these results are better interpreted as evidence that the cur-
rent design works coherently as a whole, rather than as a complete disentangling of all
interaction effects.

The ablation study supports the design of the full model. The gains do not come from
a single branch or a single module but from combining multimodal evidence, a stronger
visual backbone, and a sequence of design choices that remain consistently beneficial under
the current setting.

4.6. Efficiency Analysis

Table 4 reports the parameter efficiency and inference latency of the progressive model
variants. Starting from the TransXNet+concat baseline (11.54 M parameters, 58.23 ms
latency), each added module incurs a moderate increase in both parameters and latency.
Adding MUDD introduces 1.30 M additional parameters and 2.48 ms latency overhead,
representing an 11.29% parameter increase and a 4.26% latency increase. The further
addition of DA brings the total to 12.99 M parameters with 63.25 ms latency, which is the
highest latency among the variants but also delivers the strongest detection performance.
Finally, incorporating AGF raises the parameter count to 13.14 M, while the latency slightly
decreases to 61.94 ms compared to the +MUDD + DA variant. A possible explanation is
that the gating mechanism reduces the effective computation in the fusion stage. Overall,
the full configuration (+MUDD + DA + AGF) incurs a 13.88% parameter overhead and a
6.37% latency overhead relative to the baseline, which is acceptable given the consistent
performance gains observed in the ablation study.
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Table 4. Parameter efficiency and inference latency comparison across model variants. Baseline
results are measured on TransXNet + concat. All latency values are reported in milliseconds (ms)
over 30 runs after 5 warmup iterations. ∆ denotes absolute and relative changes relative to baseline.

Variant Params (M) ∆ Params ∆ (%) Latency (ms) ∆ Lat. (ms) ∆ (%)

Baseline 11.54 — — 58.23 ± 1.75 — —
+MUDD 12.84 +1.30 +11.29% 60.71 ± 2.77 +2.48 +4.26%
+MUDD + DA 12.99 +1.45 +12.53% 63.25 ± 2.84 +5.01 +8.60%
+MUDD + DA + AGF 13.14 +1.60 +13.88% 61.94 ± 2.82 +3.71 +6.37%

5. Conclusions
This work focused on early multimodal rumor detection in a strict zero-response

setting, where prediction must rely on the source post alone. Under this constraint, SMD-
Net was designed to strengthen three aspects of the problem at the same time: noisy textual
semantics, subtle visual inconsistency cues, and the interaction between the two modalities.
The results on Weibo and PHEME show that this design is effective. SMD-Net achieves the
strongest overall performance among the compared content-based methods and remains
competitive even when placed alongside response-based approaches that use additional
propagation-related information. The ablation study further suggests that the final gain
comes from the overall design rather than from any single module in isolation.

Several limitations should also be acknowledged. The visual branch is still relatively
heavy, and stacking multiple enhancement modules together increases the computational
burden. The current model is also limited to text–image inputs, which leaves out other
common media forms on social platforms. More importantly, the zero-response formulation
has its own boundary. As the PHEME results suggest, some difficult cases are still easier to
recover when response or propagation information is available.

Future work will mainly move in two directions: improving efficiency and extending
the framework to settings that are closer to real-world social media. In particular, it would
be valuable to explore lighter architectures, richer multimodal inputs, and early-detection
settings that allow limited contextual evidence while still preserving timeliness.
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LLM Large Language Model
RAG Retrieval-Augmented Generation
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